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Abstract 
This paper computes and analyses for the first time environmental efficiencies in 
waste generation of 160 European regions in NUTS 2 level in seven European 
countries. For this reason different Data Envelopment Analysis (DEA) model 
formulations are used modeling the pollutant in the form of waste generation as a 
regular output and as a regular input. In the latter case we also use the notion of eco-
efficiency. The empirical findings reveal environmental inefficiencies among the 
regions indicating the lack of a uniform regional environmental policy among the 
European countries. This finding is observed not only between countries but also 
between regions in the same country, implying the need for implementation of 
appropriate municipal environmental policies in waste management. 
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1.  Introduction 
Environmental production approach requires the joint production of desirable 
(good) and undesirable (bad) outputs. The incorporation of bad outputs is the most 
controversial issue in calculating an environmental performance index. Normally, 
typical radial Data Envelopment Analysis (DEA) model formulations cannot 
incorporate bad outputs because in such a model outputs can only increase, which is 
not desirable for bad outputs. Tyteca (1996) and Zhou et al. (2008) review DEA 
techniques which deal with undesirable outputs.  
Our study fulfills this gap by providing a typical radial DEA model in three 
different settings in order to model regional environmental efficiency. More 
analytically, relying on Seiford and Zhu (2002, 2005) it uses a linear transformation 
of bad output in order to model the pollutant as a regular output in a DEA formulation 
setting. Secondly it follows several other studies (Pitman 1981; Cropper and Oates 
1992; Reinhard et al. 2000; Dyckhoff and Allen 2001; Hailu and Veeman 2001; 
Korhonen and Luptacik 2004; Mandal and Madheswaran 2010) treating the pollutant 
as a regular input in a input minimization linear program. As a third option the study 
uses the DEA formulation as proposed by Kuosmanen and Kortelainen (2005) and 
Kortlainen (2008) and the notion of eco-efficiency, therefore measuring regions’ eco-
efficiency levels in municipality waste generation. The results obtained are analyzed 
and compared in order to evaluate the performance of the examined regions.  
The second contribution of this paper is its empirical application. Our study 
extends the recent studies conducted by Halkos and Tzeremes (2012, 2013a, 2013b) 
which are the first analyzing regional environmental efficiencies in DEA context. 
Therefore for this purpose regional data of 160 regions derived from seven countries 
(Belgium, France, Germany, Italy, the Netherlands, Spain and the UK) are examined 
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and analyzed for the year 2008. As a result and to our knowledge is the first study 
which computes and compares a considerable large sample of NUTS2 regions’ 
environmental efficiency levels in a DEA context. 
The structure of the paper is as follows: section 2 reviews the relative existing 
literature, whereas section 3 presents the methodologies applied. Section 4 analyses 
the empirical results, whereas the last section concludes the paper.      
 
2.  Literature Review 
There are three strands across the literature, which deal with undesirable 
outputs. The first was introduced by Färe et al. (1989) and assumes strong 
disposability for all the good outputs and weak disposability for all the bad outputs. 
Under the weak disposability framework, we need to decrease desirable outputs 
proportionally if we need to decrease undesirable outputs. Weak disposability 
framework is thoroughly discussed by Kuosmanen (2005), Färe and Grosskopf 
(2009), Kuosmanen and Podinovski (2009) and Kuosmanen and Matin (2011).  
This approach has been used widely in the literature. Färe et al. (1996) and 
Tyteca (1997) investigated the US fossil fuel-fired electric utilities using sulphur 
dioxide (SO2), nitrous oxides NOX and carbon dioxide (CO2) as pollutants.  Chung et 
al. (1997) measured the productivity in Swedish pulp and paper industry whose 
production of good outputs results in the production of bad outputs such as biological 
oxygen demand (BOD), chemical oxygen demand (COD) and suspended solids (SS). 
Zofio and Prieto (2001) examined the industries in OECD countries taking into 
consideration CO2 emissions as pollutant in the model. In another study about CO2 
emissions in OECD countries, Zhou et al. (2006) employed two-slack based models in 
order to measure environmental efficiency. 
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Färe et al. (2004) also employed the weak disposability approach and 
constructed an environmental performance index using directional distance functions 
and measured the environmental efficiency in OECD countries. The authors included 
three pollutants into their model, namely CO2, NOX and sulphur oxides (SOx). Zhou 
et al. (2007) constructed a non-radial DEA model and a non-radial Malmquist 
productivity index to measure the environmental performance and productivity in 
OECD countries using CO2, SOx, NOx and carbon monoxide (CO) as pollutants.  
Camarero et al. (2008) investigated the convergence in environmental 
performance in OECD countries considering only one pollutant (CO2). Fukuyama et 
al. (2011) applied a slacks-based DEA model and directional distance functions in 
order to study the CO2 life cycle in Japanese transport sector. Halkos and Tzeremes 
(2013a) modified the model of Färe and Grosskopf (2004) by using conditional 
directional distance functions as introduced by Simar and Vanhems (2012). They used 
CO2, methane (CH4) and nitrous oxide (N2O) as undesirable outputs. The weak 
disposability is a widely accepted and adopted approach however it has also raised 
some debate (Hailu and Veeman 2001; Färe and Grosskopf 2003; Hailu 2003). 
 Finally, Halkos and Tzeremes (2013b) proposed an environmental 
performance indicator based on Kuosmanen’s (2005) technology of non-uniform 
abatement factors and under the assumption of variable returns to scale (VRS). They 
developed a conditional directional distance function measuring USA’s states 
environmental efficiency levels under the effect of per capita income. Their results 
indicate an inverted ‘U’ shape relationship between regional environmental efficiency 
and per capita income for the USA states. 
The second strand in the literature applies a monotone decreasing 
transformation, which might take the form of the outputs’ reciprocals (Lovell et al. 
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1995) or the form of data translation at undesirable outputs (Seiford and Zhu 2002). 
The last approach assumes strong disposability for all the variables (inputs, good 
outputs and the transformed bad outputs).  This approach has also raised some debate 
about its validity (Färe and Grosskopf 2004; Seiford and Zhu 2005). 
The last strand in the literature use undesirable outputs as inputs. This strand 
argues that if an undesirable output is used as input then it works as a proxy for the 
use of the environment in the form of its assimilative capacity (Mandal and 
Madheswaran 2010). Reinhart et al. (2000) evaluated the environmental performance 
of Dutch diary firms using two different models, a DEA and a stochastic frontier 
analysis (SFA). The authors used nitrogen and phosphorus as inputs. Hailu and 
Veeman (2001) assessed the environmental efficiency of Canadian pulp and paper 
industry by incorporated BOD and SS as inputs in their model. Specifically, they 
extended Chavas-Cox transformation to DEA approach with the incorporation of bad 
outputs as inputs. De Koeijer et al. (2002) constructed a sustainability index in order 
to study the Dutch sugar beet growers. The authors use nitrogen fertilizers and 
herbicites as inputs and argued that the incorporation of pollutants as inputs supports 
the construction of a sustainability index.  
The case of greenhouse farms in the Netherlands was examined by Lansik and 
Bezlepkin (2003). The authors included CO2 as input in their DEA model 
formulation. Korhonen and Luptacik (2004) investigated the eco-efficiency of 24 
power plants in a European country. The authors constructed an eco-efficiency index 
by employing two different approaches. The first approach uses a joint index 
consisted of a technical efficiency index and an ecological efficiency index. The 
second approach incorporates SO2, NOx and dust as undesirable inputs. Mandal and 
Madheswaran (2010) measured the environmental efficiency of the Indian cement 
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industry using DEA and directional distance functions. The authors incorporated CO2 
as input in their models. Halkos and Tzeremes (2014) examined the effect of the 
Kyoto protocol on environmental efficiency in 110 countries using CO2 as an input. 
An important instrument for measuring environmental efficiency is eco-
efficiency. Eco-efficiency is the ability to produce the maximum level of economic 
output while causing the least possible damage to the environment (Kuosmanen and 
Kortelainen 2005). There are a couple of approaches across the literature about the 
construction of an eco-efficiency index, which are the environmental productivity 
index, the environmental intensity index, the environmental cost improvement index 
and the environmental cost-effectiveness index (Huppes and Ishikawa 2005). Most of 
the studies use the environmental productivity index which is the ratio of good output 
to bad output. Kuosmanen and Kortelainen (2005) constructed an environmental 
productivity index in order to study the eco-efficiency in the transport sector of the 
three major cities in Finland. The authors used CO2, acids, hydrocarbons and 
particular matter as environmental pressures and they incorporated them in the model 
as inputs.  
Kortelainen (2008) proposed the generalization of Kuosmanen and 
Kortelainen’s (2005) framework from static analysis to dynamic. The authors 
constructed an environmental productivity index by applying DEA and Malmquist 
productivity index. They studied eco-efficiency in European countries using four 
categories of environmental pressures as inputs, namely acidification potential, global 
warming potential, particular matter formation and tropospheric ozone forming 
potential.  
Halkos and Tzeremes (2009) used DEA window analysis and generalized 
method of moments (GMM) estimators to construct an environmental productivity 
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index in order to asses the environmental efficiency in 17 OECD countries. They used 
sulphur emissions per capita as an undesirable output. Similarly, Halkos and 
Tzeremes (2013c) constructed an eco-efficiency indicator using CO2 and SO2 as 
inputs. Furthermore, they applied a non-parametric regression analysis in order to 
examine the linkage between cultural values and eco-efficiency levels.  
 
3. Methodology 
3.1  The economic model 
Following Daraio and Simar (2007, pp. 19-31) let us have p inputs and 
q outputs in an Euclidean space p qR ++ . Then the production set can be described as: 
( ) ( ){ }, , , ,  is feasiblep qx y x R y R x y+ +Ψ = ∈ ∈      (1). 
In expression (1) x and y  are the input and output vectors and ‘feasibility’ implies 
that input quantities can produce output quantities. Then we can define the input 
requirement as: 
( ) ( ){ },pC y x R x y+= ∈ ∈Ψ         (2). 
According to Farrell (1957) the efficient boundaries can be defined in radial terms as: 
( ) ( ) ( ){ }, , ,0 1C y x x C y x C yθ θ θ∂ = ∈ ∉ ∀ < <      (3). 
Following Shephard (1970) several economic axioms must be applied: 
No free lunch. Let ( ),  if 0, 0, 0.x y x y y∉Ψ = ≥ ≠  
Free disposability. Let , , with  and p qx R y R x x y y+ +∈ ∈ ≥ ≤ɶ ɶ ɶ ɶ  if ( ),x y ∈Ψ  then 
( ) ( ),  and , .x y x y∈Ψ ∈Ψɶ ɶ  The free disposability (or strong disposability) of both 
inputs and outputs is assumed and can be defined as:  
       ( ) ( ), , if   and  then ,x y x x y y x y′ ′ ′ ′∀ ∈Ψ ≥ ≤ ∈Ψ . 
 8 
The set is assumed to be bounded, closed and convex. Moreover constant returns to 
scale (CRS) is assumed when ( ) ( ) , 0C ay aC y a= > , increasing returns to scale (IRS) 
is assumed when ( ) ( ) implying that ,  for 1C y ax ay a∂ ∉Ψ <  and decreasing returns 
to scale (DRS) is assumed when ( ) ( ) implying that ,  for 1C y ax ay a∂ ∉Ψ > . When a 
frontier is called variable returns to scale (VRS) then it exhibits CRS, IRS and DRS in 
different regions. A point ( ),x y  is characterized as input efficient if ( )x C y∈∂ and 
input inefficient if ( )x C y∉∂ . 
Then by following Farrell (1957) the input measure of efficiency for a 
decision making unit (DMU) operating at ( )0 0,x y  can be defined as: 
( ) ( ){ } ( ){ }0 0 0 0 0 0, inf inf ,x y x C y x yθ θ θ θ= ∈ = ∈Ψ      (4). 
 
3.2  The Data Envelopment Analysis (DEA) estimator 
The operationalization of Farrell’s (1957) input measure of efficiency for 
multiple inputs /outputs assuming free disposability and convexity of the production 
set was introduced via linear programming estimators from Charnes et al. (1978). 
Therefore for a given DMU operating at a point ( ),x y  DEAΨ  can be defined as: 
( ){ ( ), 1
1 1
1
ˆ , ; , for ,...,
               s.t. 1; 0, 1,...,
n n
p q
DEA i i i i n
i i
n
i i
i
x y R y Y x X
i n
γ γ γ γ
γ γ
+
= =
=
Ψ = ∈ ≤ ≥

= ≥ = 

∑ ∑
∑
    (5). 
The equation in (5) estimates the frontier under the assumption of variable returns to 
scale (VRS, Banker et al. 1984).  
Finally, the input efficiency score ( )0 0,x yθ  of a DMU operating at point 
( )0 0,x y under the assumption of VRS can be calculated as: 
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i i
n
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     (6). 
3.3 Schematic representation of the environmental efficiency indicators 
In the first environmental efficiency estimator (model 1-M1) the 
transformation of the bad output introduced by Seiford and Zhu (2002, 2005) is 
applied. Figure 1 below explains the environmental production function under the 
measurement assumption introduced by Seiford and Zhu (2002, 2005). According to 
Seiford and Zhu we can treat the bad output as a regular output if we first multiply 
each undesirable output by ‘-1’ and then we find a proper value ‘ v ’ to let all negative 
undesirable outputs to be positive. This can be obtained if  { }max 1badr ri
i
v y= +  . 
  
Figure 1: Description of environmental production framework (M1 indicator) 
 
The second environmental efficiency indicator (model 2-M2) applies a DEA 
modeling approach treating the pollutant as input in regions’ environmental 
production process. In fact many studies have used the undesirable output as input 
when measuring environmental efficiency (Pitman 1981; Cropper and Oates 1992; 
Reinhard et al. 2000; Dyckhoff and Allen 2001; Hailu and Veeman 2001; Korhonen 
and Luptacik 2004; Mandal and Madheswaran 2010; Halkos and Tzeremes, 2014). 
Following these studies a formulation treating undesirable output as input is presented 
in Figure 2. 
Total regional labor 
force 
Regional capital 
stock 
Regional GDP 
Regional waste 
generation 
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Figure 2: Description of environmental production framework (M2 indicator) 
 
Finally the third modeling approach applies the DEA formulation introduced 
by Kuosmanen and Kortelainen (2005) and Kortlainen (2008) based on the definition 
of eco-efficiency (model 3–M3). According to Kortlainen (2008, p.702) the definition 
of eco-efficiency implies the calculation of the ratio of value added (i.e. the good 
output in this case) to the environmental damage or pressure index (i.e. the bad 
output/pollutant), approaching therefore the measurement of regions’ environmental 
efficiency from a social point of view. Figure 3 illustrates schematically such a 
formulation. 
  
Figure 3: Description of environmental production framework (M3 indicator) 
 
 
3.4  Variables’ description 
For this analysis we obtain regional data for the year 2008 and for 160 
European regions at NUTS 2 level. More analytically, in our analysis 11 regions for 
Belgium, 21 regions for Italy, 38 regions for Germany, 12 regions for the 
Netherlands, 19 regions for Spain, 37 regions for the UK and 22 regions for France 
Regional waste 
generation Regional GDP 
Total regional labor 
force 
Regional capital 
stock 
Regional waste 
generation 
Regional GDP 
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are considered. The data are obtained from two different regional databases (Eurostat1 
and OECD2). Following the study by Halkos and Tzeremes (2012) in order to 
measure regions’ environmental efficiency in waste we are using in our three DEA 
modeling settings some inputs and outputs. The two outputs used are regional gross 
domestic product (million PPS—as good output) and municipal waste (in 1000 t – as 
‘bad’ output). Similarly, the inputs used are total regional labor force and regional 
capital stock.  
Since regional capital stock is not available from any regional database it is 
calculated following the perpetual inventory method (Feldstein and Foot 1971; 
Verstraete 1976; Epstein and Denny 1980) as: 
( ) 11t t tK I Kδ −= + −          (7). 
where tK  represents the regional gross capital stock in current year; 1tK − is the 
regional gross capital stock in the previous year that is the regional gross fixed capital 
formation and δ represents the depreciation rate of capital stock (it is set to 6%).  
Table 1 presents the descriptive statistics of the inputs and outputs used in the 
different DEA model formulations. 
 
Table 1: Descriptive statistics of the variables used in our empirical analysis  
  
Capital Stock  
(million Euros) 
Labour Force  
(thousands) 
Current GDP  
(million PPS) 
Regional Waste  
(thousand tonnes) 
Mean 11514.3276 945 62170.3750 1175.4653 
Std 9689.9130 780 63580.9375 1121.3788 
Min 317.9000 22 1352.0000 77.2000 
Max 65453.2333 5223 541880.0000 9165.4600 
 
 
                                                 
1Available from: http://epp.eurostat.ec.europa.eu/portal/page/portal/region_cities/introduction. 
2Available from: http://stats.oecd.org/Index.aspx?DataSetCode=REG_LAB_TL3. 
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4.  Empirical results 
Following the methodology described four different estimators have been 
calculated revealing regions’ environmental efficiencies in waste generation.  Table 1 
below presents the descriptive statistics of the environmental efficiency estimates3. 
The results from model 1 (M1) following the methodology by Seiford and Zhu (2002, 
2005) reveal  that in average terms Belgium regions’ have higher efficiency estimates 
whereas German regions have the lowest. However, the lowest environmental 
efficiency variability among the regions is observed for the regions of Germany (with 
standard deviation, std=0.0635) and for the regions of the Netherlands (with 
std=0.0679) indicating similar environmental efficiencies in waste generation among 
the regions within these countries.  
Looking at the second DEA formulation (M2) of measuring regions’ 
environmental efficiencies (Pitman 1981; Cropper and Oates 1992; Reinhard et al. 
2000; Dyckhoff and Allen 2001; Hailu and Veeman 2001; Korhonen and Luptacik 
2004; Mandal and Madheswaran 2010; Halkos and Tzeremes, 2014) again the 
Belgian regions are reported to have higher environmental efficiencies (on average 
terms) whereas the French regions are reported as the worst performers. Again the 
lowest standard deviation values are reported for the regions of Germany and the 
Netherlands indicating again that in terms of the specific measurement of 
environmental efficiency their regions perform similarly.  
Under the third DEA formulation - M3 (Kuosmanen and Kortelainen, 2005; 
Kortlainen, 2008) again the Belgian regions are reported to have higher environmental 
efficiencies (on average terms) whereas the French regions are reported as the worst 
performers. The final environmental efficiency indicator –AEE, is the average value 
                                                 
3The analytical results are presented in the Appendix. 
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of the three different environmental efficiency measurements and provides a global 
picture of regions’ environmental efficiency levels. As a result we can rank the 
countries under consideration based on the environmental performance levels in waste 
generation of their regions. Therefore Belgium (0.5205) has the highest performers (in 
average terms) followed by Germany (0.4305), Italy (0.4165), the Netherlands 
(0.4116), the UK (0.4065), Spain (0.3894) and France (0.3657).    
  Table 2: Descriptive statistics of regions’ environmental efficiency estimates grouped by country 
 
Figure 4 below illustrates the distribution of environmental efficiencies of all 
the regions for all three measurements and for the average environmental efficiency 
value. As can be observed under the formulation of M1 the distribution of efficiencies 
are leptokurtic with the majority of the regions scoring below 0.44. Furthermore, 
under the DEA formulation M2 and M3 the distribution of the efficiencies is 
                                                 
4 Also the normal density plot (grey line) is presented for comparison reasons. 
  M1 M2 M3 AEE   M1 M2 M3 AEE 
Belgium (11 regions) Italy (21 regions) 
Mean 0.4415 0.5630 0.5571 0.5205 Mean 0.3843 0.4433 0.4220 0.4165 
Std 0.1914 0.1792 0.1807 0.1801 Std 0.1504 0.1794 0.1945 0.1701 
Min 0.3253 0.3707 0.3653 0.3538 Min 0.2795 0.2795 0.2222 0.2616 
Max 1.0000 1.0000 1.0000 1.0000 Max 1.0000 1.0000 1.0000 1.0000 
Germany (38 regions) Netherlands (12 regions) 
Mean 0.3249 0.4856 0.4810 0.4305 Mean 0.3686 0.4381 0.4282 0.4116 
Std 0.0635 0.0916 0.0923 0.0778 Std 0.0679 0.0727 0.0723 0.0681 
Min 0.2322 0.3532 0.3477 0.3183 Min 0.3014 0.3618 0.3561 0.3398 
Max 0.5207 0.7281 0.7207 0.6565 Max 0.5543 0.6111 0.5964 0.5873 
Spain (19 regions) United Kingdom (37 regions) 
Mean 0.3641 0.4053 0.3987 0.3894 Mean 0.3489 0.4378 0.4327 0.4065 
Std 0.2279 0.2207 0.2194 0.2218 Std 0.1212 0.1173 0.1180 0.1168 
Min 0.2383 0.2383 0.2283 0.2349 Min 0.2053 0.2851 0.2804 0.2749 
Max 1.0000 1.0000 0.9889 0.9963 Max 1.0000 1.0000 1.0000 1.0000 
France (22 regions)           
Mean 0.3928 0.3975 0.3069 0.3657      
Std 0.1570 0.1560 0.1687 0.1566      
Min 0.3033 0.3033 0.1813 0.2626      
Max 1.0000 1.0000 1.0000 1.0000           
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platykurtic, with the majority of the regions scoring above 0.4. As a result it can be 
said that the formulation M1 provides us with lower efficiency scores compared with 
the other two formulations.     
Figure 4: Kernel densities plots of environmental efficiency estimates-All (160) regions 
  
In a similar manner Figures 5-11 below illustrate the distributions of regional 
environmental efficiencies per country. As can be reported for the case of French 
(Figure 5) and Spanish (Figure 6) regions, the distribution of their efficiencies is 
leptokurtic. Furthermore it is observed that for all the cases in both countries the 
majority of the regions have a high probability to have an environmental efficiency 
score in waste generation below 0.4. For the regions located in Belgium (Figure 7), 
Italy (Figure 8) and the U.K. (Figure 9) it can be realized that the distribution of their 
efficiencies is characterized by neither a leptokurtic nor a platykurtic form. It can be 
said that for these countries, that there is a high probability that regional 
environmental efficiency in waste generation to be higher than 0.4.     
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Figure 5: Kernel densities plots of efficiency environmental estimates - French (22) regions 
 
 
Figure 6: Kernel densities plots of efficiency environmental estimates - Spanish (19) regions  
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Figure 7: Kernel densities plots of efficiency environmental estimates - Belgian (11) regions  
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Figure 8: Kernel densities plots of environmental efficiency estimates - Italian (21) regions  
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Figure 9: Kernel densities plots of environmental efficiency estimates - UK (37) regions  
 
 
Finally, for the case of Germany (Figure 10) and the Netherlands (Figure 11) it 
can be said that regions’ environmental efficiencies are platykurtic. In fact Figures 10 
and 11 reveal that the distributions of the estimated environmental efficiencies are 
close/ similar to the normal density (especially for German regions). Looking closely 
at the analytical results reported in the Appendix, we can rank regions based on their 
environmental efficiency estimates over the four indicators. When rank the regions 
based on M1 we can realise that the twenty best performers are: Région de Bruxelles-
Capitale / Brussels Hoofdstedelijk Gewest, Ciudad Autónoma de Ceuta, Ciudad 
Autónoma de Melilla, Île de France, Valle d'Aosta/Vallée d'Aoste, Inner London, 
Corse, Groningen, Rhône-Alpes, Bremen, Hamburg, Prov. Brabant Wallon, 
Lombardia, Provence-Alpes-Côte d'Azur, North Eastern Scotland, Prov. Antwerpen, 
Provincia Autonoma Bolzano/Bozen,  Berkshire, Buckinghamshire and Oxfordshire, 
Outer London and Molise.  
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Figure 10: Kernel densities plots of efficiency environmental estimates - German (38) regions 
 
 
Figure 11: Kernel densities plots of environmental efficiency estimates - Dutch (12) regions  
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However, the last twenty performers of the 160 regions are reported to be: 
Puglia, Leipzig, Castilla y León, Dresden, West Wales and The Valleys, Canarias, 
Lüneburg, Región de Murcia, Sachsen-Anhalt, Brandenburg – Südwest, Galicia, 
Extremadura, Castilla-la Mancha, Mecklenburg-Vorpommern, Comunidad 
Valenciana, Highlands and Islands, Andalucía, Thüringen, Brandenburg – Nordost 
and East Anglia. 
Furthermore under the modelling condition treating the pollutant as input (M2) 
the top 20 performers are reported to be: Région de Bruxelles-Capitale / Brussels, 
Hoofdstedelijk Gewest, Ciudad Autónoma de Ceuta, Ciudad Autónoma de Melilla, Île 
de France, Valle d'Aosta/Vallée d'Aoste, Inner London, Prov. Brabant Wallon, 
Bremen, Hamburg, Provincia Autonoma Bolzano/Bozen, Molise, Corse, North 
Eastern Scotland, Leipzig, Prov. Vlaams-Brabant, Lombardia, Groningen, Berkshire, 
Buckinghamshire and Oxfordshire, Tübingen and Oberbayern. Whereas the last 
performers are: Centre, Basse-Normandie, Poitou-Charentes, Castilla y León, Illes 
Balears, Sardegna, Galicia, Lorraine, Calabria, Extremadura, Picardie, Sicilia, Región 
de Murcia, Campania, West Wales and The Valleys, Puglia, Castilla-la Mancha, 
Canarias, Comunidad Valenciana and Andalucía.  
In addition under the formulation of eco-efficiency (M3) the twenty best 
performers are: Région de Bruxelles-Capitale / Brussels Hoofdstedelijk Gewest, Île de 
France, Valle d'Aosta/Vallée d'Aoste, Inner London, Ciudad Autónoma de Ceuta, 
Ciudad Autónoma de Melilla, Prov. Brabant Wallon, Bremen, Hamburg, Provincia 
Autonoma Bolzano/Bozen, Molise, North Eastern Scotland, Leipzig, Lombardia, 
Prov. Vlaams-Brabant, Berkshire, Buckinghamshire and Oxfordshire, Oberbayern, 
Groningen, Tübingen and Darmstadt. Whereas the last twenty performers are: Poitou-
Charentes, Castilla-la Mancha, Comunidad Valenciana, Rhône-Alpes, Bourgogne, 
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Haute-Normandie, Midi-Pyrénées Canarias, Provence-Alpes-Côte d'Azur, Campania, 
Pays de la Loire, Andalucía, Puglia, Sicilia, Basse-Normandie, Alsace, Centre, 
Lorraine, Nord - Pas-de-Calais and Picardie.  
Finally, we can rank the regions based on the average environmentally 
efficiency estimates (AEE) of all three measures. As a result the top twenty regions 
with the highest overall environmental efficiency estimates in waste generation are: 
Région de Bruxelles-Capitale / Brussels Hoofdstedelijk Gewest, Île de France, Valle 
d'Aosta/Vallée d'Aoste, Inner London, Ciudad Autónoma de Ceuta, Ciudad 
Autónoma de Melilla, Prov. Brabant Wallon, Bremen, Hamburg, Provincia Autonoma 
Bolzano/Bozen, Molise, Groningen, North Eastern Scotland, Corse, Lombardia, 
Berkshire, Buckinghamshire and Oxfordshire, Prov. Vlaams-Brabant, Oberbayern, 
Darmstadt and Prov. Antwerpen. As can be observed we have in the top twenty 
overall performers four regions from Germany, four from Italy, four from Belgium, 
three from the U.K., two from Spain, two from France and one from Netherlands. In 
the same fashion the last twenty overall performers are: Poitou-Charentes, Midi-
Pyrénées, Nord - Pas-de-Calais, Calabria, Galicia, Alsace, Centre, Basse-Normandie, 
Extremadura, Región de Murcia, Campania, West Wales and The Valleys, Lorraine 
Sicilia, Picardie, Puglia, Castilla-la Mancha, Canarias,Comunidad Valenciana and 
Andalucía. Similarly it can be reported that from those last performers eight regions 
are from France, seven from Spain, four from Italy and one region from the U.K. 
 
 5.  Conclusions 
  This paper illustrates how DEA methodology can be applied under the 
assumption of variable returns to scale to measure regions’ environmental efficiency 
in waste generation. It applies three different modeling settings in order to measure 
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the environmental efficiency of 160 European regions for the year 2008. First, the 
pollutant (in our case the municipality waste generation) is modeled as a regular 
output after applying the transformation introduced by Seiford and Zhu (2002, 2005).  
Secondly, in an input minimization the pollutant is treated as a regular input 
based on several other studies treating pollutants as costs which the main goal is its 
minimization. Finally, the last modeling method uses the notion of eco-efficiency 
introduced by Kuosmanen and Kortelainen (2005) and Kortlainen (2008). Based on 
this setting regions’ environmental efficiency is measured having as output regional 
GDP and as input the pollutant.  
The results over these three formulations reveal a lot of disparities among the 
examined regions. The paper provides a uniform measure and ranks these regions. It 
can be clearly observed that the lack of a uniform regional environmental policy 
among the European countries is reflected upon regions’ environmental efficiency 
levels. This phenomenon is not observed only between countries but also between 
regions among the same countries’ raising several issues regarding the existence and 
implementation of municipal environmental policies in waste generation. 
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Appendix   
 
The analytical results of regions’ environmental efficiency levels in regional waste 
generation 
 
a/a Regions (NUTS 2) M1 M2 M3 AEE 
Belgium 
1 Région de Bruxelles-Capitale / Brussels Hoofdstedelijk Gewest 1.0000 1.0000 1.0000 1.0000 
2 Prov. Antwerpen 0.4522 0.5467 0.5418 0.5136 
3 Prov. Limburg  0.3474 0.4345 0.4302 0.4040 
4 Prov. Oost-Vlaanderen 0.3382 0.4461 0.4412 0.4085 
5 Prov. Vlaams-Brabant 0.4071 0.6134 0.6079 0.5428 
6 Prov. West-Vlaanderen 0.3788 0.4409 0.4364 0.4187 
7 Prov. Brabant Wallon 0.4808 0.7515 0.7485 0.6602 
8 Prov. Hainaut 0.3253 0.3707 0.3653 0.3538 
9 Prov. Liège 0.3521 0.4648 0.4589 0.4253 
10 Prov. Luxembourg  0.4042 0.5649 0.5414 0.5035 
11 Prov. Namur 0.3700 0.5594 0.5563 0.4952 
Germany  
12 Stuttgart 0.3559 0.5588 0.5588 0.4911 
13 Karlsruhe 0.3569 0.5232 0.5210 0.4670 
14 Freiburg 0.3001 0.4724 0.4665 0.4130 
15 Tübingen 0.3307 0.6010 0.5953 0.5090 
16 Oberbayern 0.4055 0.5991 0.5991 0.5346 
17 Niederbayern 0.3153 0.5000 0.4937 0.4363 
18 Oberpfalz 0.3400 0.5690 0.5652 0.4914 
19 Oberfranken 0.3223 0.4630 0.4561 0.4138 
20 Mittelfranken 0.3604 0.5203 0.5146 0.4651 
21 Unterfranken 0.3195 0.4613 0.4548 0.4119 
22 Schwaben 0.3252 0.5096 0.5042 0.4463 
23 Berlin 0.3029 0.4326 0.4291 0.3882 
24 Brandenburg - Nordost  0.2322 0.4786 0.4733 0.3947 
25 Brandenburg - Südwest  0.2533 0.4701 0.4651 0.3961 
26 Bremen 0.5207 0.7281 0.7207 0.6565 
27 Hamburg 0.5082 0.7162 0.7162 0.6469 
28 Darmstadt 0.4221 0.5779 0.5779 0.5260 
29 Gießen 0.3265 0.4992 0.4931 0.4396 
30 Kassel 0.3452 0.4811 0.4746 0.4336 
31 Mecklenburg-Vorpommern 0.2469 0.3987 0.3934 0.3463 
32 Braunschweig 0.3374 0.4436 0.4372 0.4061 
33 Hannover 0.3360 0.3778 0.3711 0.3616 
34 Lüneburg 0.2540 0.3532 0.3477 0.3183 
35 Weser-Ems 0.3002 0.3816 0.3760 0.3526 
36 Düsseldorf 0.3917 0.4796 0.4796 0.4503 
37 Köln 0.3341 0.4133 0.4124 0.3866 
38 Münster 0.2922 0.3701 0.3646 0.3423 
 27 
39 Detmold 0.3241 0.5550 0.5482 0.4758 
40 Arnsberg 0.3238 0.4350 0.4324 0.3970 
41 Koblenz 0.2833 0.3894 0.3839 0.3522 
42 Trier 0.3005 0.5170 0.5141 0.4438 
43 Rheinhessen-Pfalz 0.2983 0.3858 0.3796 0.3545 
44 Saarland 0.3621 0.4724 0.4660 0.4335 
45 Dresden 0.2651 0.5254 0.5220 0.4375 
46 Leipzig  0.2776 0.6196 0.6145 0.5039 
47 Sachsen-Anhalt 0.2533 0.3697 0.3637 0.3289 
48 Schleswig-Holstein 0.2838 0.3868 0.3820 0.3509 
49 Thüringen 0.2372 0.4166 0.4113 0.3550 
Spain 
50 Galicia 0.2510 0.3159 0.3119 0.2929 
51 Principado de Asturias 0.2931 0.3532 0.3493 0.3318 
52 Cantabria 0.3105 0.3683 0.3529 0.3439 
53 País Vasco 0.3442 0.3549 0.3445 0.3479 
54 Comunidad Foral de Navarra 0.3651 0.4160 0.3999 0.3937 
55 La Rioja 0.3840 0.5557 0.5547 0.4981 
56 Aragón 0.3050 0.3818 0.3780 0.3549 
57 Comunidad de Madrid 0.3159 0.3457 0.3457 0.3358 
58 Castilla y León 0.2755 0.3217 0.3183 0.3052 
59 Castilla-la Mancha 0.2469 0.2686 0.2638 0.2597 
60 Extremadura 0.2503 0.3060 0.3029 0.2864 
61 Cataluña 0.2882 0.3289 0.3289 0.3153 
62 Comunidad Valenciana 0.2453 0.2621 0.2611 0.2562 
63 Illes Balears 0.2927 0.3214 0.3109 0.3083 
64 Andalucía 0.2383 0.2383 0.2283 0.2349 
65 Región de Murcia 0.2539 0.2964 0.2934 0.2812 
66 Ciudad Autónoma de Ceuta  1.0000 1.0000 0.9889 0.9963 
67 Ciudad Autónoma de Melilla  1.0000 1.0000 0.9889 0.9963 
68 Canarias  0.2591 0.2659 0.2523 0.2591 
France 
69 Île de France 1.0000 1.0000 1.0000 1.0000 
70 Champagne-Ardenne 0.3497 0.3497 0.3056 0.3350 
71 Picardie 0.3033 0.3033 0.1813 0.2626 
72 Haute-Normandie 0.3502 0.3502 0.2541 0.3182 
73 Centre  0.3242 0.3242 0.2181 0.2888 
74 Basse-Normandie 0.3220 0.3220 0.2186 0.2875 
75 Bourgogne 0.3392 0.3392 0.2574 0.3119 
76 Nord - Pas-de-Calais 0.3551 0.3551 0.1869 0.2991 
77 Lorraine 0.3082 0.3082 0.2062 0.2742 
78 Alsace 0.3287 0.3287 0.2185 0.2919 
79 Franche-Comté 0.3382 0.3478 0.3238 0.3366 
80 Pays de la Loire 0.3517 0.3517 0.2372 0.3135 
81 Bretagne 0.3304 0.3568 0.3490 0.3454 
82 Poitou-Charentes 0.3219 0.3219 0.2659 0.3033 
 28 
83 Aquitaine 0.3388 0.3388 0.3050 0.3276 
84 Midi-Pyrénées 0.3275 0.3275 0.2540 0.3030 
85 Limousin 0.3493 0.4080 0.3977 0.3850 
86 Rhône-Alpes 0.5360 0.5360 0.2590 0.4436 
87 Auvergne 0.3378 0.3378 0.2956 0.3237 
88 Languedoc-Roussillon 0.3292 0.3364 0.3230 0.3295 
89 Provence-Alpes-Côte d'Azur 0.4730 0.4730 0.2414 0.3958 
90 Corse 0.6277 0.6277 0.4545 0.5700 
Italy 
91 Piemonte 0.3408 0.3753 0.3749 0.3636 
92 Valle d'Aosta/Vallée d'Aoste 1.0000 1.0000 1.0000 1.0000 
93 Liguria 0.3682 0.3682 0.3350 0.3571 
94 Lombardia 0.4749 0.6127 0.6127 0.5667 
95 Provincia Autonoma Bolzano/Bozen  0.4452 0.6958 0.6958 0.6122 
96 Provincia Autonoma Trento  0.4162 0.5535 0.5514 0.5070 
97 Veneto  0.3456 0.4059 0.4059 0.3858 
98 Friuli-Venezia Giulia  0.3769 0.4585 0.4533 0.4296 
99 Emilia-Romagna  0.3592 0.3592 0.3168 0.3451 
100 Toscana  0.3355 0.3355 0.2753 0.3155 
101 Umbria  0.3308 0.3601 0.3413 0.3441 
102 Marche  0.3334 0.3600 0.3531 0.3488 
103 Lazio  0.3800 0.3800 0.3345 0.3648 
104 Abruzzo 0.3085 0.3397 0.3309 0.3264 
105 Molise 0.4231 0.6856 0.6840 0.5976 
106 Campania 0.2938 0.2938 0.2405 0.2760 
107 Puglia 0.2795 0.2795 0.2258 0.2616 
108 Basilicata 0.3574 0.5253 0.5223 0.4683 
109 Calabria 0.3068 0.3068 0.2819 0.2985 
110 Sicilia 0.2989 0.2989 0.2222 0.2733 
111 Sardegna 0.2957 0.3159 0.3041 0.3052 
Netherlands 
112 Groningen 0.5543 0.6111 0.5964 0.5873 
113 Friesland 0.3290 0.3728 0.3575 0.3531 
114 Drenthe 0.3468 0.3957 0.3710 0.3712 
115 Overijssel 0.3189 0.4048 0.3991 0.3743 
116 Gelderland 0.3014 0.3618 0.3561 0.3398 
117 Flevoland 0.3272 0.5074 0.5074 0.4473 
118 Utrecht 0.4028 0.4883 0.4827 0.4580 
119 Noord-Holland 0.3818 0.4570 0.4553 0.4314 
120 Zuid-Holland 0.3570 0.4134 0.4132 0.3945 
121 Zeeland 0.4196 0.4712 0.4353 0.4420 
122 Noord-Brabant 0.3451 0.3708 0.3675 0.3611 
123 Limburg  0.3397 0.4024 0.3966 0.3796 
United Kingdom 
124 Tees Valley and Durham 0.2897 0.3416 0.3384 0.3232 
125 Northumberland and Tyne and Wear 0.3298 0.3841 0.3797 0.3645 
 29 
126 Cumbria 0.3241 0.4546 0.4546 0.4111 
127 Cheshire 0.4005 0.4869 0.4839 0.4571 
128 Greater Manchester 0.3332 0.4135 0.4078 0.3849 
129 Lancashire 0.3005 0.3758 0.3715 0.3493 
130 Merseyside 0.3156 0.3408 0.3298 0.3288 
131 East Yorkshire and Northern Lincolnshire 0.3083 0.3857 0.3844 0.3595 
132 North Yorkshire 0.3397 0.4263 0.4257 0.3972 
133 South Yorkshire 0.3197 0.4119 0.4084 0.3800 
134 West Yorkshire 0.3274 0.4306 0.4235 0.3938 
135 Derbyshire and Nottinghamshire 0.3178 0.3905 0.3840 0.3641 
136 Leicestershire, Rutland and Northamptonshire 0.3396 0.4433 0.4368 0.4066 
137 Lincolnshire 0.2947 0.4349 0.4349 0.3882 
138 Herefordshire, Worcestershire and Warwickshire 0.3112 0.4117 0.4075 0.3768 
139 Shropshire and Staffordshire 0.2808 0.3600 0.3554 0.3321 
140 West Midlands 0.3602 0.4126 0.4068 0.3932 
141 East Anglia 0.2053 0.4336 0.4271 0.3553 
142 Bedfordshire and Hertfordshire 0.3893 0.5082 0.5007 0.4661 
143 Essex 0.3046 0.4195 0.4135 0.3792 
144 Inner London 1.0000 1.0000 1.0000 1.0000 
145 Outer London 0.4253 0.4974 0.4723 0.4650 
146 Berkshire, Buckinghamshire and Oxfordshire 0.4366 0.6104 0.6051 0.5507 
147 Surrey, East and West Sussex 0.3640 0.4689 0.4636 0.4321 
148 Hampshire and Isle of Wight 0.3501 0.4792 0.4716 0.4336 
149 Kent 0.2962 0.3816 0.3761 0.3513 
150 Gloucestershire, Wiltshire and Bristol/Bath area 0.3670 0.5096 0.5035 0.4600 
151 Dorset and Somerset 0.3219 0.3946 0.3903 0.3689 
152 Cornwall and Isles of Scilly 0.3073 0.4041 0.4021 0.3711 
153 Devon 0.2956 0.3767 0.3733 0.3485 
154 West Wales and The Valleys 0.2591 0.2851 0.2804 0.2749 
155 East Wales 0.3620 0.4405 0.4362 0.4129 
156 Eastern Scotland 0.3600 0.3978 0.3909 0.3829 
157 South Western Scotland 0.3448 0.3542 0.3436 0.3476 
158 North Eastern Scotland 0.4665 0.6255 0.6255 0.5725 
159 Highlands and Islands 0.2438 0.3607 0.3607 0.3217 
160 Northern Ireland  0.3178 0.3473 0.3415 0.3355 
 
